On a laboratory-scale testing platform of impinging entrained-flow gasifier with two opposed burners, the pressure fluctuation signals were measured with a stainless steel watercooled probe. Phenomenological investigations of the endogenous and exogenous dynamics in the fluctuations of pressure were carried out by performing the mean-variance analysis and separating the endogenous and exogenous components of the signals. Non-universal dynamics with power-law behaviors have been found not only in the original signals but also in their components. A new inequality was obtained showing that the exogenous exponent is smallest while the overall dynamic exponent is the largest. The results highlight that the dynamics of pressure fluctuations in the first fifteen minutes of the gasification process is driven dominantly by the ignition process. The method can be readily applied to the other multiphase systems like bubble column, fluidized bed, etc.
Introduction
Gasification is a very versatile process to convert a variety of carbon-containing feedstocks, such as coal, petroleum coke, lignite, heavy oils, residues and natu-ral gas, into syngas. The entrained-flow gasification technology has been extensively applied to processing engineering and power generation through Integrated Gasification Combined Cycle (IGCC). The gasification process of an entrainedflow gasifier is very complicated, because it relates to the fluid flow under the condition of high temperature, high pressure and heterogeneous state. Impinging stream flow configurations are characterized by streams of fluid jets impinging against each other in a confined vessel, which have proved useful in conducting a wide array of chemical engineering unit operations and enhancing heat and mass transfer between phases due to the high transfer coefficients (Tamir, 1994) . The opposing jet technique has been applied in many fields and extensively studied practically (Tamir et al., 1984; Nosseir and Behart, 1986; Berman and Tamir, 1996; Berman et al., 2000a,b; Dehkordi, 2002) and theoretically (Champion and Libby, 1993; Kostiuk and Libby, 1993) .
Two equal suspension streams flow against one another at high velocity (> 35m/s) and impinge at their midpoint, resulting in a highly turbulent zone. The gas flows decrease their axial velocity down to zero at the impingement plane, and then turn to disperse radially; while particles penetrate back and forth between the opposed streams by inertia and friction forces, and achieve the highest relative velocity at the beginning of penetration. This process results in complex fluctuations of pressure in the gasifier. In the hot-model tests, the pressure fluctuations are even more complex and the gasifier can be viewed as a complex system. Investigation of this process from the viewpoint of complex systems theory will unveil its hidden features, which has both practical and theoretical significance.
Complex systems are ubiquitous in natural and social sciences. The behavior of complex system as a whole is usually richer than the sum of its parts and it is lost if one looks at the constituents separately. Complex systems evolve in a self-adaptive manner and self-organize to form emergent behaviors due to the interactions among the constituents of a complex system at the microscopic level. The study of complexity has been witnessed in almost all disciplines of social and natural sciences (see Ziemelis, 2001 , and other papers in this issue). In addition, Ottino (2004) argues that " [e] ngineering should be at the centre of these developments, and contribute to the development of new theory and tools."
Most complex systems in social and natural sciences exhibit sudden phase transitions accompanied with extreme events (see Sornette, 1999 Sornette, , 2002 Sornette, , 2003 Albeverio et al., 2006) . Extreme events have heavy impact on the dynamics of complex systems. In this work, we focus on the dynamics of pressure fluctuations in a hot-model gasifier experiencing the ignition process, which serves as an extreme event. The pressure fluctuations have been studied extensively by adopting the theory of fractals for different types of reactors (e.g. Fan et al., 1990; Drahoš et al., 1992; Fan et al., 1993; Kang et al., 1997; Zhao and Yang, 2003; Briens and Ellis, 2005; Wu et al., 2006, to list a few). Fractal analysis can also be used to describe and identify different flow regimes (Olmos et al., 2003; Gourich et al., 2006; Jade et al., 2006) . The dy-namical behaviors of response to extreme events are subject to the long memory effect (or the fractal nature) in complex systems (Sornette and Helmstetter, 2003; Sornette, 2006) .
In this work, we adopt a novel approach proposed by de Menezes and Barabási (2004a,b) for the analysis of pressure fluctuations, which allows us to investigate the scaling relation of the system and separate the underlying endogenous and exogenous dynamics. The paper is organized as follows. Section 2 describes the methodology we shall use. Section 3 outlines the schematic diagram of the experiment setup and the details of the experiments. Section 4 presents the results of data analysis and discusses their physical interpretation. Section 5 concludes.
Methodology

Mean-variance analysis
The mean-variance analysis was firstly proposed by Taylor (1961) in the investigation of the aggregation of population density from different sample sets. Specifically, he found that the variance s scale with respect to the mean m as a power law
where the index of aggregation α varies from 0.35 up to 1.54. The aggregation index α is an intrinsic statistic of the population concerned and describes to what extent the population is aggregated, either near regular (α → 0), or almost random (α = 0.5), or highly aggregated (α → ∞).
From the network viewpoint, de Menezes and Barabási (2004a) extended the meanvariance analysis to simultaneous description the behaviors of thousands of elements and their connections between the average fluxes and fluctuations. The fluxes f i recorded at individual nodes in transportation networks (such as the number of bytes on Internet, the stream flow in river networks, the number of cars on highways) are found to possess a power-law relationship between the standard deviation and the mean of the fluxes σ ∼ f α .
(2) de Menezes and Barabási (2004a,b) and Barabási et al. (2004) found that two universal classes of dynamics characterized by the fluctuation exponent α, which is α = 0.5 if the system is driven completely by endogenous forces (such as Internet and microchip) and α = 1 if it is driven fully by exogenous forces (such as world wide webs, river networks and highways). Other applications include external fluctuations in gene expression time series from yeast and human organisms with α = 1 (Nacher et al., 2005) and endogenous fluctuations of the variation with age of the relative heterogeneity of health with α = 0.5 (Mitnitski and Rockwood, 2006) . However, non-universal scaling exponents different from 1 and 0.5 have also been reported for stock markets by Eisler et al. (2005) and Eisler and Kertész (2006a,b) , gene network of yeast byŽivković et al. (2006), and traffic network by Duch and Arenas (2006) .
Separating endogenous and exogenous dynamics
The non-trivial properties unveiled in many systems call for a separation of the endogenous and exogenous components of the system's dynamic behaviors. de Menezes and Barabási (2004b) have proposed a technique for this purpose. In the current case, the observed dynamics of the pressure fluctuations are caused by the interplay between the endogenous and exogenous driving forces so that the observable can be written as the sum of two components:
where f i (t) stands for the total pressure fluctuation signal, f exo i (t) represents the component due to exogenous driving forces, and f endo i (t) is the endogenous component.
In the framework of de Menezes and Barabási (2004b) , f exo i (t) is the product of the proportional coefficient A i and the pressure signal of the system at time t (i.e. 
where
in which ∆t is the sampling time interval. It follows from Equations (3-5) that,
By definition, we have f
Following the aforementioned approach, we are able to separate the exogenous and endogenous flux components from the total pressure fluctuation signals. We can also perform the mean-variance analysis on these two derivative signals. The relative impact of the two components is characterized by the ratio of their standard
When η i ≫ 1, the system is dominated by exogenous factors. In contrast, the system is dominated by endogenous dynamics when η i ≪ 1. As different signals have different η i values, the system's overall behavior is best characterized by the p(η) distribution. Since the pressure fluctuations concerned experience the ignition process which is completely exogenous, we expect to observe a broad distribution of greater-than-one η values.
Experimental equipment and procedure
The schematic drawing of the experimental apparatus is shown in Figure 1 . The maximum values of the operation pressure and temperature were 1 MPa and 1500°C, respectively. The gasifier was cylindrical, vertically oriented, the inner diameter and length of the combustion chamber composed of a 15 mm thick cast refractory shell, were 300 and 2200 mm, respectively. The cast refractory shell, wrapped with a 235 mm thick, low thermal conductivity fiber blanket to reduce the heat transfer, was protected by a stainless-steel column shell of 0.8 m in diameter and 2.5 m in height. Ports were located at sides of the gasifier for viewing, temperature measurement and insertion of the water-cooled probe. Opposed turbulent flow fields were obtained by two opposed round burners composed of inner and outer channels.
The O 2 was fed into the burner outer channel by steel cylinder, with a pressurereducing valve to avoid pressure oscillations in order to achieve steady flow. The gas flow rates were measured by mass flow meters (D07-9C/ZM, Beijing Sevenstar Huachuang Electronic Co., Ltd). The diesel oil was fed into the burner inner channel by a gear pump (A-73004-00#, America Cole-Parmer Company), the flow rate was determined gravimetrically with an elapsed timer and an electronic weight scale.
In the gasification process, two burners were used to produce opposite jets of fuel that impinge on the center of the combustion chamber. The size of the burners is shown in Figure 2 . High relative velocities between the particulate matter and the gaseous phase in the central area provided good conditions for active diffusion and convection at the particle surface, and the high temperature together resulted in fast burning and gasification reaction under highly reducing conditions to produce raw syngas. High-temperature gaskets interfaced the furnace segments and eliminated all leakage. From the reaction chamber, the raw syngas flowed into the quench chamber, where the raw syngas was cooled and partially scrubbed by the water, then the syngas was discharged. After the experiment, the N 2 was fed into the burner inner channel by a steel cylinder to clean the burners.
Pressure signals were captured by a stainless steel water-cooled probe installed on the surface of the inside wall at axial position A shown in Figure 1 . A pressure sensor (CECC 420G22M1) was used to record the pressure fluctuations, whose two ports were respectively placed in the combustion chamber and kept at ambient pressure as a reference. Pressure difference ∆P were measured and then converted into voltage signals by a multi-channel card (PCI-1711L-A2 
Results and discussion
The ignition process, where the fuel diesel oil and O 2 was fed into the combustion chamber simultaneously and fired abruptly by an electric lighter, is a mimic for industrial startup processes, which is an extremely unstable process. N = 63 experiments were carried out at different experimental conditions resulting in 63 time series {f i (t)}, t = 1/100, 2/100, · · · , T with T = 15s for the pressure fluctuations. The N = 63 experimental signals are illustrated in Figure 3 . Each individual signal recorded consists of the cold-state period (from t = 0s to t = 5s), the ignition period (from t = 5s to about t = 8s, and the combustion period (from t = 8s to about t = 15s). The pressure difference recorded soars rapidly to a peak and plummets to a low level during the combustion, which is nevertheless higher than that in the cold-state period. There are also followup oscillatory peaks in the combustion period. To quantify the coupling between the average fluctuation f i and the fluctuation dispersion σ i of the individual tests, the dispersion σ i is plotted in Figure 4 as a function of the mean fluctuation f i . As shown in Figure 4 , there is an evident powerlaw relation between σ i and f i with a dynamical exponent α = 1.52, which is different from two universal classes identified by de Menezes and Barabási (2004a) . What is interesting is that this dynamic exponent is close to the largest value reported by Taylor (1961) . The result implies that the impact of exogenous driving forces on the gasification process during the ignition period under investigation is dominant. For comparison, we shuffled the signals and performed the same analysis, as illustrated in Figure 4 as well. The behavior changes completely for the shuffled signals. The power-law scaling (2) also holds for the two components extracted. The scaling behaviors of the endogenous and exogenous fluctuations of the pressure signals are presented in Figure 6 . The exogenous scaling exponent is α exo = 1.00 and the endogenous exponent is α endo = 1.21. It is interesting to notice that
To the best of our knowledge, this inequality (8) was not reported before. According to the literature, when 0.5 < α < 1, we have the following inequality
In other cases, we find that α exo = 1. This can be derived rigorously according to the linear decomposition approach described by Eqs. (4-6). According to Eq. (4), the mean of the exogenous component reads
is independent of i and t. On the other hand, simple algebraic calculations show that the variance of the exogenous component is
is independent of i and t. It follows immediately that
from which we have α exo = 1. This analytic relation is well verified by the meanvariance analysis shown in Fig. 6 . We can use the ratio η defined in Eq. (7) to further show that the extreme pressure fluctuations observed in the system are externally triggered. The empirical probability density distribution p(η) of η for the pressure signals is shown in Figure 7 using a histogram. One can see that the peak of the ratio distribution locates at η ≈ 1.50 and all values of η are greater than 1 with some of which being extremely large, indicating that exogenous fluctuations have dominant impact on the system's dynamics. 
Conclusion
On a laboratory-scale testing platform of impinging entrained-flow gasifier with two opposed burners, the pressure fluctuation signals for ignition process are measured with a stainless steel water-cooled probe. A novel method is adopted, which enables us to identify the endogenous and exogenous components of a signal and to determine which component plays a dominant role driving the dynamics of the gasification system during different time periods. A mean-variance analysis has been performed on the 63 signals and a nice power-law scaling has been uncovered with an non-trivial exponent of α = 1.52, which is different from the two universal classes of α = 1/2 and α = 1. The pressure fluctuation signals have been decomposed linearly into two components. The endogenous component exhibits remarkable power-law relation between the variance and the mean with an endogenous dynamic exponent α endo = 1.21, while the exogenous component has a constant scaling exponent α exo = 1 which can be derived analytically. A novel inequality is unraveled that α > α endo > α exo when α > 1. Furthermore, the ratios of the exogenous dispersion σ exo to the endogenous dispersion σ endo are greater than one for all the signals investigated. We conclude that the exogenous factor (that is, the ignition process) drives dominantly the dynamics of pressure fluctuations of the gasification process during the time period under investigation. 
